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Basemaps are the main resource used in urban planning, building and infrastructure asset management. 
Therefore, they must be accurate and up to date to better serve citizens, contractors, property owners and 
town planning departments. Traditionally, they have been updated by aerial photogrammetry, but this is 
not always possible and alternatives need to be sought. In such cases, a useful option for large scales is the 
mobile mapping system (MMS). However, automatic extraction from MMS point clouds is limited by the 
complexity of the urban environment. Therefore, the influence of the urban pattern is analysed in three 
zones with varied urban characteristics: areas with high buildings, open areas, and areas with a low level 
of urbanization. In these areas, the capture and automatic extraction of 3D urban elements is performed 
using commercial software, which is useful for some elements but not for manholes. The objective of this 
study is to establish a methodology for extracting manholes automatically and completing hidden 
buildings’ corners, in order to update urban basemaps. Shape and intensity are the main detection 
parameters for manholes, whereas additional information from satellite image Quickbird is used to 
complete the buildings. The worst rate of detection for all the extracted urban elements was found in areas 
of high buildings. Finally, the article analyses the computing cost for manhole extraction, and the 
economic cost and time consume of the entire process, including the proposed methodology using an MMS 
point cloud and the traditional survey in this case. 
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Local and regional governments rely on basemaps for their essential activities. Hence, it is vital to ensure 
that basemaps are accurate and up to date. A comprehensive basemap with integrated geographic 
information can support and facilitate decisions about a city’s urban planning, building, emergency 
services, mobility and infrastructure asset management. 
Building and infrastructure asset management plays a significant role in any infrastructure project due to 
the extensive use of spatial data and map applications. These applications serve citizens in their everyday 
activities such as finding and reaching destinations via an easy, short route. In addition, city managers use 
map applications to plan their daily activities, such as waste collection, irrigation and lighting, at a time 
when the number of smart cities is increasing worldwide. To keep these applications useful, spatial data 
must be updated frequently to detect changes.  
 
Recently, the term Geodesign has been applied to environmental planning and design [1, 2]. Geodesign is 
one in a long line of technological developments that have generated tools and techniques for existing 
activities and disciplines. Applications would be complex projects involving multidisciplinary groups. 
However, one of the fundamental elements in these projects is a "basemap" on which the rest of the elements 
are designed [3]. 
 
Accurate, up-to-date knowledge of geometry is important in the analysis of urban changes and in studies of 
landscape and urban planning applications. An example can be found in some studies [4, 5] that analysed 
urban development according to 2D maps of different periods. However, these studies would be more 
complete, detailed and accurate if they were updated with 3D models in urban environments [6, 7] since 
the available information considers additional characteristics such as the height of the elements, which is 
useful for view analysis.  
 
  
Map updating consists of three main steps: i) comparing a new data source with the existing basemap, ii) 
identifying changes and updating them in the database and iii) verifying the logical consistency between 
the updated and the old version [8]. 
 
Effective, sustainable urban planning development requires advanced technologies to obtain and collect up-
to-date geospatial data. Geomatics techniques that are used to gather spatial information and create maps 
include remote sensing (such as satellite images and LiDAR), GNSS (Global Navigation Satellite Systems) 
and photogrammetry [3, 9-11]. The Mobile Mapping System (MMS), also called Mobile LiDAR System 
(MLS) or Mobile Lidar Mapping System (MLMS), that integrates some of these techniques could currently 
be considered an effective data source that provides 3D data on urban landscapes and their changes over 
time. The availability of such data is very important to generate up-to-date maps, and for the development 
and applications of urban and landscape planning, ecological engineering analysis, change detection, design 
and management studies. 
 
The main drawback of massive capture systems, photogrammetry or MMS is data management, and how 
to extract "features" from a 3D point cloud with millions of points and their coordinates, colour and intensity 
values. Some commercial software allows us to extract part of urban elements correctly with acceptable 
accuracy. Most of the algorithms that are used are drawn from a previous classification based on the 
trajectory [12-14] and geometric characteristics of the elements [13, 15-18] or they take advantage of the 
spectral answer [19]. Thus, elements such as trees, light poles and traffic signals can be detected. Despite 
the available commercial software are highly effective in most feature extraction, some aspects are not 
completely solved. A clear example is the limitations for manhole extraction processes, which require 
manual work or extra work. All this motivated us to seek a method to resolve this issue. We propose a 
method for detecting manholes that uses both characteristics from a point cloud: the geometry and the 
intensity of the return signal. 
 
Other elements that cannot be extracted correctly from the point cloud are all the corner buildings. In this 
case, the problem is not the extraction algorithm but a lack of points, since points are hidden by other 
elements. In this case, we propose the use of complementary information from a remote sensing satellite. 
However, an adjustment must be made because of the varying accuracy of the sources of geographic data. 
We analyse the results of two adjustment methods, to choose the most suitable for this purpose. 
 
The main goal of this study is to present a new methodology for detecting manholes and complete buildings 
and extracting urban features, roads and infrastructure assets from a 3D point cloud registered using an 
MMS, to update a basemap. We evaluate the effort required by this methodology in terms of computational 
and financial cost, and human equipment improvement at a test site. The methodology can be used to keep 
a basemap up to date and thus provide accurate spatial data for urban planning, geodesign, construction of 
buildings and infrastructure, asset management and property. Moreover, a basemap is fundamental in 
autonomous driving applications. The paper is organized as follows: Section 2 summarizes previous studies 
related to the feature of automatic extraction. Section 3 details the proposed method for extracting manholes 
and completing the hidden corners of buildings, and the analysis of parameters for other street elements. 
Section 4 describes a case study in an urban area of Abu Dhabi Emirate with flight restrictions due to 
proximity to the border with other countries. Finally, the results and conclusions are given in Sections 4 
and 5, respectively. 
 
2 PREVIOUS WORKS  
 
As mentioned above, regional development plans require the use of accurate, updated digital maps that 
require expensive equipment and specialized expertise. The usual technique for creating and updating 
regional maps is aerial photogrammetry. The updating process takes place every few years, depending on 
economic feasibility in each country. Integrated navigation systems have been increasingly adopted, as they 
are less costly, more accurate, safer, more effective and use fewer ground control points (GCP) than 
conventional methods [20]. The use of digital cameras provides high-resolution images. This technique 
captures the roofs of buildings perfectly but has difficulties in capturing points of the façade that are 
sometimes offset from the roof line [21]. The development of oblique cameras partially corrects this 
problem [22], but the technique is still in its infancy [23, 24]. Other main drawbacks of aerial 
photogrammetry are the fact that it uses expensive equipment and is dependent on weather conditions. In 
  
the Middle-East, which is the area addressed in this article, optimal flying conditions are limited to the 
period between November to March. On the contrary, in North countries between the complementary 
months since the snow cover the territory in the last fall and winter. 
 
A more economical solution is RPAS (Remote Piloted Aerial Systems). These recent aerial platforms have 
the same flight restrictions in border areas as traditional planes and even inside countries. In this last case, 
restrictions vary in each country, depending on the regulations that are in force [25-28]. Flight restrictions 
have led to the need for another method for frequently updating basemaps in conflictive areas. 
 
The alternatives are high-resolution satellite images that offer several advantages for updating existing 
topographic maps [29-32]. For example, a single satellite scene covers a large area, from less than 65 km2 
for OrbView-3 to over 270 km2 for Quickbird [33]. Hence, the survey costs may be lower using this method. 
However, even though the resolution of the images is high, it is not high enough to obtain large-scale 
cartography [34].  
 
Therefore, terrestrial techniques must be considered. Traditional methods such as the use of total station, 
terrestrial photogrammetry, or Terrestrial Laser Scanning (TLS) are labour intensive, time-consuming, 
costly (due to field operation costs), sometimes dangerous and highly disruptive to a town’s traffic. In harsh 
environments (areas with high temperatures or high humidity, desert areas and border areas), traditional 
survey methods may put the surveyor’s life in real danger. In this environment, collecting data for a large 
area may take months because surveyors can only work at certain times when the temperature is acceptable. 
The only option in this case is to use terrestrial techniques such as the MMS that allow us to cover medium-
sized areas at large scales [35]. This technique integrates laser scanning and photogrammetry systems with 
GNSS and Inertial Measurement Units (IMU), which work together to continuously calculate the vehicle 
position and orientation, and Distance Measurement Units (DMI). These systems are installed together on 
a land-based vehicle that is driven continuously to capture three-dimensional point clouds and imagery data 
from the required site.  
 
These techniques (digital photogrammetry and laser scanning, independently from the platform) provide 
point cloud data, which are required to obtain vector features in/for the basemap. To undertake these tasks 
efficiently, automatic methods are needed, since data management is one of the most time-consuming 
processes. 
 
In recent years, many algorithms have been developed for automatic and semi-automatic feature extraction 
from a 3D point cloud. The semi-automatic feature extraction technique requires significant user interaction 
to extract elements and validate the results [36]. We have focused on the use of data from MMS to extract 
urban elements. 
 
The extraction of urban features and roads from mobile LiDAR point clouds is more complex, due to a lack 
of explicit geometric features and the huge quantity of elements [37]. The first step for many authors is 
separation of Ground Points (GPs) and Non-Ground Points (NGPs). Here, the author focuses on 
classification methods for point clouds obtained by MMS, considering information on the laser scanner’s 
trajectory. These methods assume that the GPs lie below the trajectory of the laser scanner [38]. One study 
[39] uses slope analysis to filter GPs, while another study [40] uses slope and elevation information along 
the scan line to detect GPs. Other authors detect and remove GPs using voxel-based ground elimination by 
considering terrain fluctuations [12, 41]. Then, the road surface is extracted.  
 
Recent studies [12][14] proposed two methods with MMS as the data capture method: using the trajectory 
and managing the data to find linear patterns. Another study took advantage of the structure of the MMS 
and used other information such as signal intensity in addition to the geometry [19]. In their study 
Rodríguez-Cuenca et al. [15] took advantage of the rasterization of the point cloud and then from the image 
considered the number of pixels in weight and the intensity to determine the road curbs. Once the roads 
have been extracted, there are various methods for extracting the main elements. They used methods based 
on Principal Component Analysis (PCA) to identify pole-like objects in irregular point clouds. The 
extraction of pole-like objects and tree trunks from irregular point clouds was also the focus of other studies 
[13, 15-18, 42-44].  
 
  
Some studies developed a percentile-based method with respect to the shape, height and size of light poles. 
Other authors extracted poles by analysing scan lines rather than raw point clouds. Most 3D urban furniture 
features can be extracted automatically with a high success rate, except for manhole covers [38].  
 
A previous study of Commandre et al. [45] presents a method for automatic detection and localization of 
manhole using very high-resolution aerial images by deep convolutional neural network. Manhole cover 
localization is a challenging due to the variance of object colours, non-uniform background, shadows and 
being small objects to be detected from aerial images. In addition, manholes suffer from occlusions, 
differences in light exposure, rust and dirt. To minimize these problems, the propose of Timofte and Van 
Gool [46] is to use images taken from a moving van. Errors in terms of false detections and missed manholes 
must be very low for automated methods to be useful at all, but this has not been achieved for now. This is 
the main reason why human operators still carry out most of this work. For the first time, a previous study 
of Zhang [47] added a system based on vision, which was used successfully for the task of manhole 
mapping. He utilized automated extraction of manholes and curbs on images obtained from the point cloud.  
 
 
Yu et al. [48] proposed MMS to capture a point cloud that is rasterized in a 2D intensity image, then a 
marked point process-based detection algorithm for the generated georeferenced images to detect road 
manhole and sewer well covers. The problem with this kind of transformation from point cloud to image is 
that part of the information can be lost.  
 
For urban planning other important elements are buildings. Some studies proposed a methodology to extract 
urban building using airborne laser scanner LiDAR only [49] and others complete the information from 
very high resolution (VHR) imagery to address the problems with shadow and spectral confusion  [50]. All 
of them are based on data provided from an airborne acquisition. However, these techniques are not allowed 
in all the areas and countries since sometime there are flight restrictions due to proximity to military zones, 
border between countries, etc. For these reasons, techniques to capture from the surface are the unique 
suitable option to cover all the urban area. However, these techniques have the drawback of occlusions, for 
that some studies [51, 52] use high-resolution satellite imagery to extract building outline boundaries. 
 
3 PROPOSED METHODOLOGY 
 
The proposed methodology includes automatic manhole detection from 3D point clouds measured by the 
MMS sensor and completion of the façades of buildings that are hidden in the survey with MMS. In this 
last process, other input is the orthoimages obtained from the Quickbird satellite. The next sections describe 
the phases of the proposed methodology for each kind of element. 
 
3.1 Manhole Detection  
Manhole height is almost equal to ground height, which causes difficulties in edge detection. The parts of 
the manholes that can be seen are affected by the daily passing of cars, which may result in an apparent 
change in their shape. These difficulties make the automatic detection process challenging. In this study, a 
manholes detection method, based on their shape (usually rectangular or circular) and the intensity 
information from the returned laser beam pulse, was developed.  
 
Figure 1 shows the flowchart of the procedure in every step of the method. First, a check is done to confirm 
that the LiDAR format is correct, otherwise a suitable format should be uploaded. The manhole detection 
algorithm starts by defining the variables that will be used, such as the coordinates (X, Y and Z), the time 
(t) and the intensity (i). Then the LiDAR data in LAS format is uploaded. 
 
The intensity variable is used to segment the point cloud regarding manhole material and the time variable 
is used to link other variables, as the LiDAR data is recorded by time. Finally, the coordinates are used to 








Each road feature has a different intensity value based on its material characteristics. The manholes have a 
different value of intensity than the points in the cloud around them that belong to the pavement and other 
elements. These values are determined based on the manhole material and the wavelength of the laser beam 
used. Figure 2. A) shows the point cloud by intensity values. Metallic objects such as manholes or gates are 
shown in red, while the pavement and the walls have different intensity values. This characteristic is very 




Figure 2. A) Intensity image where the metallic element is shown in red; B) Intensity image in grey scales, in 
it the manholes have been highlighted in yellow; C) Manholes after the extraction using shape. 
   
 
First, the proposed algorithm defines the intensity for the elements to be detected. If the object intensity is 
different from the required value, it will skip this feature and search for the next one. The intensity value 
should be between the minimum and maximum intensity values. Objects with the required intensity will be 
put through the next check, which is the shape check.  
 
𝐼𝑚𝑖𝑛 > 𝐼𝑝𝑜𝑖𝑛𝑡 > 𝐼𝑚𝑎𝑥 
 
Points that satisfy the condition whose intensity is in the interval for the manhole material are saved in a 
new file. Figure 2. B) and C) show the patches that remain after the first intensity filter. 
  
The next step is to check the shape. Since we are looking for manholes, the task is easier than searching for 
other irregular shapes. In all cities, manholes are square, rectangular or circular and their dimensions are 
known, as they follow a standard. Another property we can use is that the points that define the surface of 
manholes are in a profile sequence and groups. This helps us in this step.  
 
The algorithm will check the shape of the matched intensity objects and skip objects that are not the required 
shape, see Figure 3. The parameter given by the operator is the sides for rectangular manholes or the radius 
for circular ones. For example, for a rectangular manhole, the points that belongs to a patch must satisfy 









where a is the dimension in the x direction, b is the dimension in the y direction, c is the dimension in the 
z direction and d is the distance from the origin to the required plane. Since all detected manholes are at 
pavement level, the coefficient d will be the same as the pavement height.  
 
The manhole features that match this known shape and dimensions will then be detected and extracted in 
the output. These identified cluster objects are irregular, so a last step is required to refine the shape of each 
identified manhole to a perfect plane with four straight sides and four right angles with equal or unequal 
  
adjacent sides, as per the manhole shape. To identify this perfect plane, the Minimum Bounding Rectangle 
(MBR) or Bounding Box (BB) is computed to obtain the envelope of each cluster object. 
 
 
Figure 3. Manhole detection steps: 1) result of the filter by intensity, 2) Identification of the points in each 
cluster, 3) Obtaining the MBR of each cluster, 4) Final shape adjustment based on the known dimensions. 
 
The process is repeated with all the known dimensions until all valid manholes with the required criteria 
(shape and intensity) are detected. 
 
The proposed methodology is suitable for whatever city in the world, since the values of the intensity and 
size are configurable and can adjust based on other local manhole geometry and material to fit any 
geographical location or standards.  
 
 
3.2 Buildings  
 
LiDAR sensors in the mobile mapping system do not cover all building corners, so it is difficult to capture 
a complete building layout from MMS to obtain the footprint of the building and update the basemap. To 
complete the missing information, we need to find a solution using satellite imagery, the available LiDAR 
data and the images from the MMS cameras. 
 
The satellite image was captured from the QuickBird satellite with 0.61 m resolution. One problem of the 
available orthophoto is that it is not a true orthophoto, so the elements have more displacement on the top. 
Therefore, the footprint and the roof do not coincide in the image. The accuracy of the point cloud collected 
by the MMS system is greater than that of the satellite image coordinates. Consequently, the coordinates 
from the MMS will be set as the ground control. 
 
Therefore, first we use satellite imagery to automatically digitize the layout of all buildings in the study 
area with automated software tools. This provides the footprints of the buildings. Then, the visible corners 
of buildings from the LiDAR point cloud are imported and a fitting process is performed by comparing 
them with those corners of the building from the satellite image. 
 
Two processes (Figure 4) are carried out in this phase to establish the most suitable for the adjustment in 
these conditions.  
  
 
Figure 4. Hidden building corners detection workflow (Method 1 on the left and Method 2 on the right) 
 
 
In Method 1: average_shift, the differences in X and Y directions are measured in the corners, where LiDAR 
and satellite data are available. Then, the average value for all corner differences in the X direction is applied 
to all buildings in each area extracted from LiDAR data, and the same process is applied in the Y direction. 
Equations (2) and (3) are shown below in the X and Y direction. The missing corners are obtained by 
applying these shifts (fitting differences), which are computed for each building.  
 
𝐹𝑖𝑡𝑡𝑖𝑛𝑔 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑋 = |𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑋| − 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑋 (2) 
𝐹𝑖𝑡𝑡𝑖𝑛𝑔 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑌 = |𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑌| − 𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐷𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑌 (3) 
 
The resulting layout, with corrected LiDAR data for the building layout, are used to extract the missing 
corners from the LiDAR sensor to complete the building features. 
 
The second method is a Helmert 2D transformation. Since the characteristics of the zones and buildings are 
different, first we compute the transformation parameters, namely the translation in X and Y, the scale factor 
and one rotation for different areas, and then these parameters will be used to compute the new coordinates, 
XL and YL, in Equations (4) and (5). 
 
𝑋𝐿  = 𝑇𝑋 + 𝑎1𝑋𝑆 − 𝑎2𝑌𝑆 
                                                                    (4) 
𝑌𝐿 = 𝑇𝑌 + 𝑎2𝑌𝑆 + 𝑎1𝑋𝑆                                                                       (5) 
 






3.3 Other elements  
 
In this study, the road features, building details and building corners were extracted using commercial 
software (TopoDOT C3D tool).  
 
This tool is part of CAD software and detects features by their geometry and intensity. Each feature (light 
poles, footpath, driveway and street signs, etc.) was defined as a cell, saved to a library, and snapped into 
the model. The cell enables the software to recognize each feature with its attributers and is saved in CAD 
format.  
 
For features that cannot be defined as cells, various tools can be used depending on the required features. 
For example, a tool can be used to detect street centrelines by their intensity values and has been drawn 
based on their intensity values. There are three main ways to detect features automatically using TopoDOT 
C3D: define by cell, intensity range and define approximately by the height of the feature (so that the tools 
can easily define the feature). The defined cell is saved to be used to detect features later. Then this cell is 
dropped into the point cloud to obtain the x, y and z values. The intensity values range option to detect the 
features’ intensity can be used for this purpose. Then, these features can be searched in the selected intensity 
range. In this study, we used cells whose characteristics are known.  
 
Extracted road features include the road centreline, road edge (curb), streetlights, street signs and top edges 
of buildings. A sample of different features in the study area is shown below in Figure 5 (the features 
include a street sign, curbs and a light pole).  
 
 
Figure 5. Sample of features in the point cloud for the study area 
 
 
Although the available software is very powerful for the feature extraction processes, it has some 
limitations, which require manual work or extra work. These limitations can be summarized as follows: 
1. Due to the size of Lidar data files, they must be divided so that they can be opened easily. 
2. Automated feature detection cannot detect features with highly accurate positioning. Therefore, 
manual detection is required to enhance feature positioning and height accuracy for features such 
as streetlights, street signs and trees. 
3. Some features, such as buildings and manholes, required manual extraction. 
4. For some features, a cell must be built to define the feature in the software. Then, this cell must be 
dropped on data to obtain x, y and z values from the point cloud. Sometimes, cells may not be 





4 CASE STUDY: ABU DHABI 
 
The methodology was used to update the basemap of Al Ain, a city in the Emirate of Abu Dhabi (United 
Arab Emirates, UAE) on its border with Oman, at a scale of 1/1000. For large and medium scales, basemaps 
are regularly constructed and updated using aerial photogrammetry [11] or Airborne Laser Scanner (ALS). 
However, in our case study located near the border, the direct use of aerial photogrammetry is restricted, as 
it occurs in several areas worldwide. 
 
The basemap is the government’s main resource for determining ground reality and private property 
boundaries and it can be used to draw up cites’ master plans. The basemap accuracy specification is very 
conservative, at 15 centimetres absolute accuracy. Traditional topographic surveys should be minimized. 
As they are limited in harsh weather conditions, new survey methods must be adopted.  
 
In any other case, the mail survey would be undertaken by aerial photogrammetry and then some parts 
completed or updated by a traditional topography survey or MMS LiDAR. Due to the specific 
characteristics of this area, which is near the Oman border, MMS is applied as an accurate, cost-effective 
method of obtaining the basemap. For this reason, we explain briefly the entire process from data capture 
to automatic element extraction by point cloud segmentation. 
 
The MMS methodology follows a specific workflow, as shown in Figure 6. The initial step is to plan, 
encompass and determine the strips to be covered during the survey process. The second step is data 
acquisition, and this entails controlling the survey and reviewing the route plan, as well as system status 
information. The third step is data processing, which includes processing the positioning and the GNSS 
data to determine the trajectory utilized to georeference the point cloud data. The fourth step is generating 
and converting the point cloud data into vector features by means of the classification and extraction 
process. The final step is the quality control process to enhance and evaluate the results and draw up the 
final basemap.  
 
 
Figure 6. Proposed workflow to update basemap 
 
The selected zone covers 1.5 km by 1 km and includes three areas with different urban patterns. The first 
zone (Area 1) has low buildings and a high level of urbanization, the second zone (Area 2) has high rise 
buildings (around 10 floors) and a low level of urbanization and the third zone (Area 3) is peri-urban (Figure 
7). It is important to probe the system and the algorithm to extract elements in different urban patterns, 
since their characteristics can be a drawback. Urban patterns may affect the accuracy of the capture (for 
example, high buildings make good signal reception difficult) and the characteristics, as a shadow can make 
up the intensity and colour of the objects and some elements can hide others. 
  
 
Figure 7. Zones with different urban patterns in the study area 
 
 
4.1 Data Acquisition  
 
The data acquisition process was carried out with the Optech Lynx Mobile Mapper system, composed of 
LiDAR, which allows us to measure 500,000 points per second with a 360° FOV (Field of View) to provide 
absolute accuracies (root mean square error, RMS) of 0.02 m in the X and Y positions, and 0.05 m in the Z 
position [36, 53-54]. Differential GPS post-processing is used to determine ground control stations either 
using base stations or Abu Dhabi GNSS Reference Network Stations. 
 
The MMS sensors and hardware has been conditioned to operate at the high temperatures in UAE, which 
reach 50 degrees centigrade in summer, while MMS should be used at temperatures that do not exceed 
40 degrees to maintain suitable optical and electronic performance.  
 
The post-processed position and orientation accuracies of both trajectories collected in two different days 
were analysed. The maximum error in the northing axis was found to be from 0.064 m to 0.048 m, the 
maximum error in the easting axis was from 0.085 m to 0.062 m, and the maximum error in altimetry was 
from 0.130 m to 0.072 m.  
 
To transform the ellipsoidal elevation of the MMS into orthometric elevations, a geometrical geoid model 
based on 31 GCP coordinates the UTM zone 40 N (WGS84).  
 
The area was scanned with a density of 2–3 cm. The final point cloud had a total of 1300 million points. 
To evaluate point cloud accuracy, 12 GCPs were used in the point cloud that was created and the results 
were compared with measurements from the current basemap at a scale of 1/1000. Figure 8 presents the 




Figure 8. Ground Control point distribution in the study area 
The average difference for these points was 0.017 m in planimetry and 0.009 m in Z coordinates 
respectively. The RMSE for these point differences were 0.022 m in planimetry and 0.020 m in altimetry, 
as shown in Table 1. These differences are not significant if the scale of the basemap is considered. 
 
 Difference (Z) Difference 
(X) 
Difference (Y) 
Mean (m) 0.009 0.002 0.017 
RMSE (m) 0.020 0.005 0.020 
Min (m) -0.017 0.000 0.002 
Max (m) 0.042 0.018 0.043 
Table 1. Difference between known GCP coordinates and measured coordinates from the point cloud 
 
4.2 Feature Extraction 
 
In this section, the results of the extraction are shown for roads and a lot of urban furniture features, 
including manhole covers. Some items must be extracted manually due to their complexity, including 
driveways, car parks or footpaths. The automatic detection was performed by a cell whose design was based 
on two parameters: height and intensity values. The values of the height and intensity parameters set for 
each feature detection are shown in Table 2. 
 
 
Features                        Parameters 
  Height Intensity 
Road edges (curb)  0.18 m  
Road centreline   20 - 55 
Building  6 - 24 m  
Light poles  10 m  
Street signs  1.5 m  
Trees  3 - 5 m  
Manhole   2 - 42 
Table 2. Detection type and parameters for each feature 
 
This method can detect up to 96% of each feature. In the study, another run was performed to detect the 
remaining 4% manually. The feature quantity and successful detection rates are shown in Table 3. 
 
The success rate was better in Area 1 than in Areas 2 and 3, because in Area 1 there is a proper roadway 
for LiDAR vehicle movement that is better than in Areas 2 and 3. In Area 3, cars cannot be driven on most 
  
of the streets. The roadway allows a clear, full view of the surveyed area and resulted in successful feature 
detection and extraction at a higher percentage than in Areas 2 and 3 (Table 3). 
 











95 9.6 km 70 12.8 km 60 3.8 km 
Road 
centreline 
98 5.2 km 80 7.2 km 90 3.2 km 
Buildings 85 62 65 19 45 9 
Light poles 100 122 100 134 40 21 
Street signs 100 119 100 225 40 33 
Trees 75 25 75 66 90 128 
Table 3. Quantity and successful detection rate for the feature detection process for each area 
The successful rate for buildings is lower in all three areas, due to façades hidden by the buildings 
themselves, trees or other elements. Therefore, we extracted additional building façade information from 
satellite images. The results are explained below in section 4.4.  
 
For the use of collected LiDAR data, the first and second returned pulses for the manholes were the 
strongest returns. These two returns were useful to detect accurate shapes using a script in MATLAB 
software. Based on field measurements, three square shapes of manholes were found in the study area with 
dimensions of 80, 65 and 55 for the a and b values of Equation (1). 
 
For the extraction of manholes, we will use the algorithm described above. The first and second returns of 
the pulses that were received, analysed in the time parameter, will correspond mainly to manholes, since 
the signal returned by metal is more intense. The next parameter to be established is the intensity, in our 
case that of steel manholes. For the wavelength of the laser used and the angles of incidence of the laser 
beam on the pavement, the values of intensity correspond to between 2 and 42. The algorithm used is the 
same for the three sizes of manholes, since the different dimensions only has to be entered once in each 
iteration. 
 
To adjust the plane of Equation (1), the square edge corresponds to a and b parameters of the plane, while 
c will be zero. Then, the value of parameter d will correspond with the height of the pavement over the 
road. In the case of Abu Dhabi, it is 18 cm.  
 
Table 4 shows the completeness and correctness for each area with a different urban pattern. The values are 
computed from Equations (6) and (7) respectively. The successful detection percentages for each shape 
were 97%, 97.5% and 87% for areas 1, 2 and 3 respectively, while the percentages of the detected manhole 
correctness were 98%, 98% and 93% for areas 1, 2, and 3 respectively. The worst rates were obtained for 
the same features in peri-urban areas (Area 3), due to the high vegetation. The reference value for the total 
number of manholes was calculated from the current accurate basemap (1730 manholes). Out of these, a 










manhole automated detection 





The manhole extraction process was applied to Areas 1, 2 and 3 of the study area. A total of 1414 manholes 
were extracted from area 1, while 237 manholes were extracted from area 2, and 27 manholes from area 3, 




























Area 1 1456 1438 42 24 1414 97.11  98.33 
Area 2 243 242 6 5 237 97.53  97.93 
Area 3 31 29 4 2 27 87.09  93.10 
Total 1730 1709 52 31 1678 96.99 98.18 
Table 4. Completeness and correctness of manhole extraction for the three types in areas 1, 2 and 3 
 
Although the script showed a high successful detection rate, some manholes may have been overlooked 
due to a change in intensity values or the fact that they are covered by sand as they are close to ground 
level. Detection of manholes fails when there is any obstacle, such as dust and cars, hiding the manhole and 
therefore it cannot be captured by the LiDAR completely (see Figure 9). In this case, the algorithm cannot 
be adjusted to the shape and the automatic detection fails. 
 
Area 3 was the most difficult due to its characteristics, although we could survey part of it. A total of 27 
manholes were detected in this area with a completeness percentage of 87% and a correctness percentage 
of 93%. The completeness percentage was the lowest in this area, because it has a lot of objects and sand 
covered manholes. This makes the detection survey process very difficult as it depends on the intensity, 
shape and returns of manholes. Manholes could be detected from a field survey or images from aerial 
photogrammetry, if these kinds of flights were not forbidden in the area, as mentioned previously. 
 
The limitations of commercial software to extract manholes led us to apply this methodology that improved 
as performance of manhole extraction as computational cost, table 8. 
 
Figure 9. Sample of undetected manholes in the survey area 
 
Most of the current available methods are using image processing by creating intensity-based images 
(rasterized process) from LiDAR point cloud data to extract manhole [55] or directly from aerial images 
[45]. While we applied this methodology directly from the LiDAR point cloud, based on the beam intensity 
value that define the manhole and their geometry previously known for the city. Avoid the rasterization 
allows an improvement of the results regards the completeness and correctness percentages, we have 
detected around 98% versus 51% in [45]. It has been noticed that our study areas have many occlusions not 
only because the cars and objects but also by the sand that cover the streets in Abu Dhabi. Moreover, we 
  
use of the geometrical shape of the manhole that helps in reducing false detection as [45] proposed to 
improved their method. 
 
4.3 Data position accuracy  
 
In previous sections, we discussed accuracy in terms of the completeness and correctness of the detection. 
Now, we focus on the position accuracy of the extracted features using as a reference (ground truth) their 
coordinates in the Abu Dhabi official basemap. Table 5 shows the planimetric and altimetric difference, 


















Average  0.024 0.010 0.120 0.012 0.016 0.009 
Max  0.210 0.180 0.800 0.080 0.070 0.050 
Min  0.008 0.008 0.06 0.007 0.004 0.004 





Average  0.009 0.014 0.0085 0.008 0.023 0.010 
Max  0.150 0.230 0.180 0.011 0.100 0.060 
Min  0.002 0.009 0.002 0.005 0.009 0.009 
RMSE  0.019 0.026 0.015 0.019 0.035 0.035 
 
Table 5. Comparison of accuracy between the extracted features from the LiDAR survey and coordinates in 
Abu Dhabi basemap 
 
The coordinate differences obtained for all features (see the average in Table 5) are well below the threshold 
of 15 cm in planimetry and altimetry, established according to the scale of the basemap and its technical 
specifications. The maximum differences were found for the road centreline, curbs and buildings, and stood 
at around 20 cm for planimetric and altimetric differences. We can find a maximum of 90 cm for the 
buildings, although this was an isolated case located in area 2, where the buildings are higher and the GNSS 
signal has worse reception to define the position. The RMSE for all the elements is less than 4 cm in 
planimetry and altimetry. 
 
 
4.4 Building layout and filling gaps using satellite images  
In the car’s trajectory, all the visible features were captured but not all of them were complete. The clearest 
example are the buildings. In this case, the internal walls were missing (Figure 10). Therefore, additional 
information had to be sought to fill the gaps. In other countries, the best solution could be a photogrammetric 
survey with an RPAS platform. However, due to the problem of flight permission, the only possibility in 
the study area was to use satellite images. 
 
The images available for the area are orthoimages from Quickbird with a resolution of 0.61 m. On these 
images, we digitalized the footprint of each building and then fitted the footprint to the corner points 




Figure 10. Point cloud details for Area 1 and Area 2 of the case study  
 
As mentioned above, the digitization process is more accurate when the building area is small, and the 
building height is low. Therefore, buildings were managed in several sets according to their height.  
 
The first step was to digitalize the 4 coordinates of each building in the satellite image (red points in Figure 
11), then we used the two methods shown in Figure 2: a Helmert 2D transformation or the average shift, to 
fit these footprints to the LiDAR visible corner coordinates (green points in Figure 11). Then, the four 
corners were adjusted (blue points in Figure 11). 
 
 
Figure 11: Example of building corners fit using satellite images 
 
 
A simple approach was used to calculate the difference between the two visible points in coordinates X and 
Y. The difference was calculated for each point between the measurements in LiDAR and the satellite 
image. The average for all these differences was calculated for X and Y coordinates and subtracted from the 
absolute difference (between LiDAR and the satellite image) for each point, to draw the new enhanced 
layout (fitting layout).  
 
To compare this method with method 2 (Helmert transformation), the final accuracy for laying buildings 
from LiDAR data over the satellite image after the enhanced fitting process was calculated for all low-rise 




 Low-rise building High-rise building 
 X Y X Y 
Max (m) 1.174 1.231 3.179 5.254 
Min (m) 0.21 0.027 0.095 0.533 
Average 
difference (m) 
0.567 0.527 1.189 2.798 
Max (m) 0.609 0.704 1.99 2.798 
Min (m) 0.006 0.002 0.203 0.078 
Average fitting 
difference (m) 
0.226 0.242 0.9 1.095 
Table 6. Fitting Accuracy using the traditional method 
 
The reason behind the considerable differences in the high building area (0.9 m in the X direction and 1.1 m 
in the Y direction) is that the satellite image that was used was not a true Ortho image. Hence, the building’s 
façade appeared and caused an error in calculating the difference between the roof and bottom coordinates 
for the building corners and affected all measurements on the roof corners.  
 
To obtain the 2D Helmert transformation parameters, a shift to the centroid of each set of buildings was 
performed on the coordinates, because the transformation is very sensitive to any change in value of the 
rotation. Therefore, it was important to define different parameters in each zone. A total of six control points 
were selected in each area, with low and high buildings, to solve a set of 12 equations with four parameters.  
 
Then, the parameters obtained were applied to other known corner coordinates extracted from the LiDAR 
point cloud to establish the goodness-of-fit of the data adjustment. The statistics results for the residual 
errors are shown in Table 7. 
 
 Low-rise buildings High-rise buildings 
e x e y e x e y 
Max (m) 0.480 0.670 0.476 0.782 
Min (m) 0.001 0.070 0.261 0.074 
Average 
(m) 
0.196 0.125 0.357 0.578 
 Table 7. Fitting Accuracy using the Helmert transformation method. Residual errors (e x, e y). 
As expected, since there were no true orthophotos, the disparity was greater in high-rise building areas, and 
as a result the map projection was greater in Y coordinates than in X in this area. 
 
The second method, the Helmert transformation, offered a better fit than the average shift method. 
Moreover, it was faster to apply, since in the first method the shift for each building was computed 
individually.  
 
4.5 Costs/benefits analysis  
In this section we estimate the cost and time using mobile LiDAR instead of a traditional survey. This 
estimate gives capability indicators of MMS in terms of efficiency and accuracy compared with traditional 
and daily survey activities.  
 
4.5.1 The computational cost 
In order to analyse the benefit of the algorithm proposed in terms of computational cost three lineal zones o 
strips, with different length have been selected. The algorithm was run for each of these strips in a common 
desktop computer processor i5 and 16 GB DDR4-SDRAM. Table 8 shows the number of manholes for each 
one and the time spent to extract them. It can be realized that the computational time is not related to the 
number of points in the cloud. However, it is directly proportional to the number of manholes. Based on the 











Point cloud size 
(million of points) 
0.2 39.8 59 73.75 
0.3 37.1 64 80.00 
0.5 51.5 73 91.25 
Table 8. Time to extract manholes in different sample strips 
 
 
4.5.2 Cost and Time Saving  
 
The MMS and proposed methodology gave a positive result in saving time, cost and effort. The estimated 
cost of using a traditional survey method including the system equipment, maintenance and manpower is 
609,939 USD in the first year, as shown in the details in the following table. In the second year, the total 
cost is 201,498 USD, as the system’s equipment should last 10 years. The cost of a LiDAR system with the 
same features is 473,000 USD. 
 
The difference between using the LiDAR system to update the current basemap and using the traditional 
survey was analysed to calculate the difference in cost and time (Table 9). The following comparison shows 
the difference between a traditional survey and LiDAR in cost and time. Additionally, an MMS survey is 
safer to operate, especially in harsh and desert environments. The table below shows the cost of using the 
LiDAR system and the traditional survey system, including the manpower needed and all the equipment.  
 












Curb stone (km) 37 176 182,982 16 142,137 
Buildings 131 23 91,491 2 71,069 
Light poles 277 25 30,497 2.5 23,690 
Street sign 377 30 60,994 3 47,379 
Manhole  1678 80 152,485 7 118,448 
Total  422 609,939 38.5 473,792 
Table 9. Comparison between the traditional survey and LiDAR survey in cost and time 
The time spent surveying the features under study using the traditional survey methods was 422 hours in 
the study area (Table 9), while the surveying time for the same features in the same area was 38.5 hours 
(including field work, data transfer, data processing and extraction process). 
 
After analysing time and cost differences, it was clear that the LiDAR system saved 22% of the surveying 




In this study, we propose a method to extract elements from the 3D model obtained automatically from an 
MMS survey. The algorithms for the feature extraction process applied to street furniture in Abu Dhabi had 
a high success rate, but this rate varied from one zone to another depending on the urban pattern. The worst 
rate was obtained for the same features in peri-urban areas (Area 3), due to high vegetation. Manholes were 
detected with a successful extraction of around 98%. Generally, the best percentages were achieved in Area 
1, as it had neither high buildings that block satellite signals nor vegetation areas.  
 
  
Despite the existence of high buildings in area 2, the detection rate for light poles and street signs was best 
(at 100%) both in this area and in the area of low buildings (Area 1). 
 
The proposed manhole extraction process fills the void that currently exists with commercial software, and 
it speeds up the data processing and manhole extraction (an average of 1.25 seconds per manhole) with a 
good percentage of completeness and correctness, around 97 and 98 % respectively. The parameters used 
in this study are easy to adapt to manhole’s cover with different material and rectangular or circular 
geometry for whatever urban area using as parameters the intensity range and size. Moreover, the ranges 
of intensity values adopted for the manholes of Abu Dhabi may be directly used in extracting steel manholes 
for other cities 
 
During the study, there were some limitations to detecting manholes automatically using the proposed 
algorithm. These limitations were due to changes in the perception of manhole shape resulting from dust 
and car movement. In future studies, the algorithm could be enhanced to be more efficient by adding 
intensity parameters for dust to separate it and then determine new values of manhole intensity. 
 
The building detection percentage was similar in all areas and was the lowest of all the elements. To 
complete the buildings, additional information must be obtained from a different source. A satellite image 
provides addition information to mobile LiDAR, since the satellite dataset includes building roofs and the 
entire canopy. However, satellite images are less accurate than MMS, due to the long distance between the 
sensor and objects, and the complexity of the sensor calibration parameters. From the two methods used in 
the adjustment of the buildings, it has been proven that the 2D Helmert transformation offers a better, faster 
outcome than adjusting each building individually. This transformation must be computed and applied in 
different sectors where the buildings have the same height and orientation, since the transformation is 
sensitive to them, as mentioned above. 
On average, the positioning accuracy of the navigation data (trajectory) was below 4 cm while the accuracy 
of the processed point cloud was below 2 cm, which led to an accuracy of 5–10 cm in the feature extraction 
process. A satellite image can be used to obtain missing data (as some building corners) that are outside the 
LiDAR camera view, with an accuracy of 4 cm on average. 
Regarding the geometric quality of the new map, it was found that the system produces results that are 
within the tolerances for this scale (15 cm), i.e. a scale of 1:1000, in all areas regardless of the urban pattern. 
For all elements, the average discrepancy in position, considering as a ground truth the current map made 
with more expensive techniques, is less than 2 cm in most elements. Only some maximum values were 
found as outliers in the area of high buildings, where the GNSS signal was obstructed and therefore the 
precision of the vehicle's trajectory decreases. 
 
Regarding the findings, in this case, where aerial photogrammetry is not an option, the proposed 
methodology using remote sensing techniques is more effective than conventional methods of surveying, 
since it allows us to obtain basemaps in less time for urban applications. The LiDAR system saves around 
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